Massive amount of electronic medical records accumulating from patients and populations motivates clinicians and data scientists to collaborate for the advanced analytics to extract knowledge that is essential to address the extensive personalized insights needed for patients, clinicians, providers, scientists, and health policy makers. In this paper, we propose a new predictive approach based on feature representation using deep feature learning and word embedding techniques. Our method uses different deep architectures for feature representation in higher-level abstraction to obtain effective and more robust features from EMRs, and then build prediction models on the top of them. Our approach is particularly useful when the unlabeled data is abundant whereas labeled one is scarce. We investigate the performance of representation learning through a supervised approach. First, we apply our method on a small dataset related to a specific precision medicine problem, which focuses on prediction of left ventricular mass indexed to body surface area (LVMI) as an indicator of heart damage risk in a vulnerable demographic subgroup (African-Americans).
Introduction
Recently, data-driven predictive modeling has been applied in different areas such as manufacturing , quality assessment (Gavidel & Rickli, 2017) , environmental treatment (Roostaei & Zhang, 2016) and chemical processes sustainability (Moradi-Aliabadi & Huang, 2016) .
In this way, the explosive increase of Electronic Medical Records (EMRs) provides many opportunities in healthcare to carry out data science research by applying data mining and machine learning tools and techniques. EMRs contains massive and a wide range of information on patients concerning different aspects of healthcare, such as patient conditions, diagnostic tests, lab results, imaging exams, genomics, proteomics, treatments and financial records (Hu et al., 2016; Nezhad et al., 2017) . Particularly, the extensive and powerful patient-centered data enables data scientists and medical researchers to conduct their research in the field of personalized (precision) medicine.
Personalized medicine is defined as (Redekop & Mladsi, 2013) : the use of combined knowledge (genetic or otherwise) about a person to predict disease susceptibility, disease prognosis, or treatment response and thereby improve that persons health . In other words, the goal of precision medicine or personalized healthcare is to provide the right treatment to the right patient at the right time .
Personalized medicine is a multi-disciplinary area that combines data science tools and statistics techniques with medical knowledge to develop tailor-made treatment, prevention and intervention plans for individual patients.
Since EMRs are complex, sparse, heterogeneous and time-dependent; using EMRs for personalized/precision medicine is challenging and complicated to interpret. Representation learning or feature learning provides the opportunity to overcome this problem by transforming medical features to a higher level abstraction, which can provide more robust features. On the other side, labeling of clinical data is expensive, difficult and time-consuming in several cases such as special disease where unlabeled data (features) may be abundant. Representation learning through unsupervised approach is a very beneficial way to extract strong feature learning from both labeled and unlabeled data and improve training models performance made based on labeled data.
Representation learning (Bengio et al., 2013) includes a set of techniques that learn a feature via transformation of input data to a representation that can improve machine learning tasks such as classification and regression. In the other words, representation learning helps to provide more useful information. Despite the success of feature learning in several domains such as text mining, multimedia, and marketing, these techniques have not been applied widely for Electronic Health Records (Miotto et al., 2016) . In this way, many research have been developed in recent years and those are growing up very fast specially in the field of precision and personalized medicine. The main challenges exist in processing of EHRs listed as following (Cheng et al., 2016b) : 1) HighDimensionality, 2) Temporality which refers to the sequentiality of clinical events, 3) Sparsity, 4) Irregularity which means the high variabilities exist in the EHRs and 5) Bias including systematic errors in the medical data.
Representation leaning can overcome those challenges and the choice of data representation or feature representation plays a significant role in success of machine learning algorithms (Bengio et al., 2013) . For this reason, many efforts in developing machine learning algorithms focus on designing preprocessing mechanisms and data transformations for representation learning that would enable more efficient machine learning algorithms (Bengio et al., 2013) . There are several approaches for feature learning such as K-means clustering, Principal component analysis (PCA), Local linear embedding, Independent component analysis (ICA) and Deep leaning.
Deep learning methods with multiple layers of transformation are representation learning algorithms, composing by simple but nonlinear transformations which represent the raw data at higher level abstraction (Hinton, 2009) . Deep learning models demonstrated promising performance and potential in computer vision, speech recognition and natural language processing tasks. The rising popularity of using deep learning in healthcare informatics is remarkable for different purposes.
For instance deep learning was recently employed to medicine and genomics to rebuilding brain circuits, performance prediction of drug molecules, identifying the effects of mutations on gene expressions, personalized prescriptions, treatment recommendations, and clinical trial recruitment (Miotto et al., 2017) . Applying deep learning through unsupervised way on EHRs addressed in many recent research works for feature representation in order to achieve specific or general goals (Shickel et al., 2017) . For instance Deep patient (Miotto et al., 2017) and Doctor AI (Choi et al., 2016a) approaches are good examples of these recent works which used unsupervised learning via deep leaning before supervised learning.
In this study we focus on two specific healthcare informatics problems using high dimensional electronic medical records. The first one is related to a vulnerable demographic subgroup (AfricanAmericans) at high-risk for hypertension (HTN), poor blood pressure control and consequently, adverse pressure-related cardiovascular complications. We use left ventricular mass indexed to body surface area (LVMI) as an indicator of heart damage risk. The ability to predict LVMI would improve the treatment and decrease the cost of LVMI measurement for patients and hospitals. In the second problem, we use eICU collaborative research database with several personalized factors to predict patient length of stay (LOS) in ICU for two different patient types. The more accurate LOS prediction can lead to better scheduling in hospital which reduce the cost and increase the patient satisfaction.
Based on individual clinical data with many features such as demographic characteristics, previous medical history, patient medical condition, laboratory test results, Cardiovascular Magnetic Resonance (CMR) results, diagnosis and treatment data, we first use feature representation by applying deep learning to transforms current features to higher level abstraction and then, we implement machine learning methods to predict our target of interest (LVMI and LOS) through a supervised approach. This prediction method can be implemented as a decision support system (DSS) to assist medical doctors and health systems managers.
Figure 1 illustrates our approach in three consecutive steps; first we start by preprocessing raw data to overcome some popular issues such as missing values, outliers and data quality, in the second step we apply unsupervised deep learning for producing higher-level abstraction of input data and in the final step, supervised leaning method is implemented for forecasting the target value and model evaluation. Based on the model evaluation results, steps B and C are applied iteratively to finalize and select the best deep architecture for feature learning.
Representation by deep learning is different from traditional feature learning techniques. In fact, deep learning with multiple hidden layers provides meaningful and higher level abstractions of the inputs (Miotto et al., 2017) . A completely unsupervised representation from raw data can be applied to other unsupervised or supervised tasks such as patient subgroup analysis, treatment clustering and disease risk prediction.
We use unsupervised learning before supervised learning because the success of predictive machine learning algorithms highly depends on feature representation and extraction (Miotto et al., 2016) . Since in several situation, data is sparse, noisy, high dimensional and repetitive, supervised learning and feature selection approaches cannot identify the pattern of data which makes them inappropriate for modeling the hierarchical and complex data. To overcome this shortcoming, unsu- pervised feature learning or representation learning attempts automatically to discover complexity and dependencies in the data to learn a compact and high-level representation which provides better features to extract useful information when applying classifiers and predictive models.
In this paper, we develop a new predictive approach using deep learning and data representation for EMRs. In our method, we apply three deep architectures for feature representation in higher levels abstraction: Stacked Autoencoders, Deep Belief Network and Variational Autoencoders.
Our contributions in this paper lie into three folds: 1) To our knowledge, it is one of the first methods that uses Variational Autoencoders (VAE) for feature representation on EHRs where the advantage of VAE over traditional autoencoders is learning the true distribution of the training data as opposed to just remembering the particular training dataset, hence it can improve the representation performance significantly, 2) it is the first work that provides a comparative study to investigate the choice of deep representation among small and large datasets, and 3) Our proposed framework is highly useful for exploiting a large amount of unlabeled medical records for extracting high level representation of labeled data for supervised learning tasks.
The rest of this paper is organized as follows. Section 2 reviews the related works in deep learning applications. Section 3 explains deep learning overview and deep architectures used in this paper. Section 4 describes the proposed prediction approach. Section 5 reports the EMRs data and implementation results and finally section 6 discusses about the results and conclusion.
Literature Review
Deep learning, including feature representation and predictive modeling, has been researched and applied in a number of areas, such as computer vision, remote sensing, natural language processing and bioinformatics. The main reasons accounting for the extensive applications are improved prediction accuracy, capability of modeling processes of complex systems, and generating high-level representation of features and higher robustness modeling .
Deep learning with multiple hidden layers provides meaningful and higher level abstractions of the inputs (Miotto et al., 2017) . Among several applications of deep learning in different domains,
we focus on the healthcare and bioinformatics applications. In this domain, deep learning algorithms and tools have been applied in different areas using EHRs, clinical imaging and genomics data (Mamoshina et al., 2016) .
In terms of research purpose and different applications, we categorize the current related works The summary of our review based on above three categories demonstrated in Table 1 . Readers for more comprehensive review about applications of deep learning in health informatics can refer to recent review papers provided by Miotto et al. (2017) , Shickel et al. (2017) and Ravi et al. (2017) . Brosch et al. (2013) 
Introduction of Deep Architectures
Deep Learning or Deep Machine Learning is a kind of machine learning algorithms that model input data to higher-level abstraction by using a deep architecture with many hidden layers composed of linear and non-linear transformations LeCun et al., 2015; Deng et al., 2014) . In another word, deep learning uses computational models, which have multiple processing layers to learn data representation with multiple levels of abstraction (LeCun et al., 2015) .
Deep learning applications encompass many domains. The major ones are speech recognition, visual object recognition, object detection (face detection) and bio informatics or bio medicine such as drug discovery and genomics (LeCun et al., 2015) . In biomedical and health science, increases in technological development, information systems and research equipment have generated a large amount of data with many features. Since deep learning outperformed some other methods such as principal component analysis (PCA) or singular value decomposition in handling high-dimensional biomedical data, it has strong potential for dimensionality reduction and feature representation in biomedical and biomedicine research (Mamoshina et al., 2016) . An autoencoder is trained to reconstruct its own inputs by encoding and decoding processes.
Let us define w
as the parameters of k th autoencoder for weights and biases in encoding and decoding process respectively. Encoding step of each layer is a forward process and mathematically described as below:
In Eq. (3), f (x) is an activation function for transforming data. If n represents the location of middle (latent) layer in stacked autoencoders, the decoding step is to apply the decoding stack of each autoencoder as following (Learning, 2013) :
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Training algorithm for obtaining parameters of stacked autoencoders is based on a greedy layerwise strategy (Bengio et al., 2007) . It means that each autoencoder should be trained by encoding and decoding process one-by-one. By training this deep architecture, a (n) (middle layer) gives the highest representation of the input (Learning, 2013) . In the simplest case, when an autoencoder with sigmoid activation function has only one hidden layer and takes input x, the output of encoding process will be :
Therefore z is the vector of transformed input in the middle layer. In the second step (decoding process), z is transformed into the reconstruction x , i.e.,
Finally, autoencoder is trained by minimizing the reconstruction errors as below:
Introduction to Deep Belief Network (DBN)
Deep Belief Networks are graphical models that are constructed by stacking of several RBMs to get better performance rather than individual RBM. Hinton and Salakhutdinov (Hinton & Salakhutdinov, 2006) showed that DBNs can be trained in greedy layer-wise unsupervised learning approach. They defined the joint probability distribution between visible and hidden layers as follows:
Where, x= h 0 , P (h k−1 |h k ) is a conditional distribution for the visible units conditioned on the hidden units of the RBM at level k, and P (h l−1 , h l ) is the visible-hidden joint distribution in the top-level RBM. This is illustrated in the figure below. In the layer-wised training, the input layer (visible unit) is trained as a RBM and transformed into the hidden layer, then the representation in hidden units will be considered as input data (visible units) for the second layer and this process continues. Readers for more detail about the training process can refer to and Bengio et al. (2007) .
Introduction to Variational Autoencoders (VAE)
Variational Autoencoders has been developed as one of the most useful approaches to representation learning of complex data in recent years. VAE have already demonstrated promising performance in complicated data including handwritten digits, faces, house numbers, speech and physical models of scenes (Doersch, 2016) . VAE has the structure of autoencoders including encoders, decoders and latent layer. Variational autoencoders are probabilistic generative models.
Assume X is our input data and z is the latent variable, based on the total probability law we have:
VAE tries to maximize the probability of each X in the training set according to the Eq. (9) under the generative process. P (X|z) is the probability function of the observed data given to latent variable, which means how can find the distribution of input data based on distribution of sample of latent variable. The main idea in variational autoencoder is to attempt to sample values 11 of latent variables (z) that are likely produce X, and construct P (X) from those. In this way, we need a new function Q(z|X) which can describe the distribution of z based on value of X. In the other words, z is sampled from an arbitrary distribution and Q can be any distribution such as standard normal distribution and help to compute E z∼Q P (X|z). For doing that, we start to match P (z|X) to Q(z) using Kullback-Leibler divergence between P (z|X) and Q(z), for some arbitrary Q:
The objective function of variational autoencoders can be formulated as following which maximizes log P (X) minus an error term:
We can infer P (X) and P (X|z) into Eq. (10) by applying Bayes rule to P (z|X) and reformulate Eq. (11):
This equation known as the core of the variational autoencoder. In particular, the right hand side acts as an autoencoder, since Q is encoding X into z, and P is decoding it to reconstruct X.
Methodology
The method developed in this study is a predictive approach using deep learning, which is called Deep Integrated Prediction (DIP) approach. The work flow of DIP approach is shown in Figure 4 , and it includes three major components as follows: 
Features Partitioning
In the first step, we partition categorical features from continuous features when they co-exist in a data set. Since the representation learning algorithms are different for continuous and categorical features we partition them in our framework.
Features Representation
The second step is feature representation section. Continuous features are represented in higherlevel abstraction by using deep network and categorical features transform to vectors by a wellknown word-to-vector algorithm:
Categorical Features Representation using Word Embedding
Discovering efficient representations of discrete categorical features has been a key challenge in a variety of applications as well as bioinformatics (Choi et al., 2016b (Pennington et al., 2014) as a well-known algorithm for word representation. GloVe algorithm uses the global word co-occurrence matrix to learn the word representations.
Continuous Features Representation using Deep Learning
This step is the key step of our framework where we apply unsupervised learning using deep architecture to represent continuous features in order to achieve more robust features with less complexity. We do feature representation by three different deep architectures: stacked autoencoders, variational autoencoders and deep belief network.
The deep architecture of stacked autoencoders and variational autoencoders are considered with 5 hidden layers (two hidden layers of encoders, two hidden layers of decoders and one latent/middle layer) as shown in Figure 5 (a). In this deep architecture, N is assumed as the number of continuous features in the dataset and n is a parameter. The middle hidden layer has N nodes, same as input and output layers, and the other four hidden layers have n nodes as a variant. The represented data is given from middle layer and n is determined in an iterative process between unsupervised learning step and supervised learning step.
For Deep Belief Network architecture, we choose a DBN with 3 hidden layers as depicted in figure 5(b). In this architecture N refers to the number of continuous features and n is a parameter similar to SAE and VAE network.
The choice of deep architectures affects the performance of feature representation strongly. In our deep architectures, we consider different amount of n (hidden units) which can be less or higher than the number of original features. It means we not only try to transform data in lower dimensions (under-complete representation) but also we try to represent data in higher dimensions as well (over-complete representation) while an over-complete representations can be considered as an alternative of "compressed" or under-complete representation (Vincent et al., 2010) .
Supervise Learning
In the third step, the represented continuous features should be combined with represented categorical features and then supervised learning to be applied on new dataset. It starts with feature selection, which can use any feature selection method such as random forests. Selected important features from represented data are entered into a supervised classifier for regression or classification and after training step, model will be evaluated by some specific measures in testing process. If the results meet the criteria then we stop, if not, model tries different architecture for deep network by changing the number of nodes (n) in the hidden layers. This iterative process will be continued until converges to some stop criteria or fixed number of iterations.
Implementation on Electronic Medical Records (EMRs)
In our experimental study, we implement our methodology on three different EMRs datasets.
First we use a small datasets related to cardiovascular disease with high dimensional features, then we apply our method on two large datasets from eICU collaborative research database. This study design (considering small and large datasets) helps us to discover the performance of our method in different scenarios and compare the choice of representation learning for each one. Among several features (more than 700) including demographic characteristics, previous medical history, patient medical condition, laboratory test result, and CMR results to evaluate for LVMI.
172 features remained after pre-processing step for data analysis which consists of 106 continuous variables and 66 categorical variables related to 91 patients. As mentioned before, the goal is to predict amount of risk level (LVMI) based on personalized features.
We implemented all deep networks for feature representation using TensorFlow library in Python and applied word embedding in R using "text2vec" package. According to figure 4; we applied our approach for different deep architectures including SAE, DBN and VAE with different number of hidden units. For the supervised learning step we consider four well-known supervised classifiers:
Random Forests, Lasso Regression, Decision Trees and Support Vector Machine (SVM). We used Mean Squared Error (MSE) as our evaluation measure for performance validation in testing process. Table 2 . According to this results, our approach with representation learning reduces the prediction error and achieves a better accuracy rather than using the original features. Among different combinations, using stacked autoencoders for feature learning and Random Forests for supervised learning lead to the least MSE for this small dataset (DMC dataset). Figure 7 records related to eICU Cardiac and eICU Neuro respectively. In this case study, our goal is to predict the patient length of stay in these ICU units based on personalized features. The ability to predict the LOS can improve the scheduling process which leads to patient waiting time and hospital cost reduction.
We applied our DIP approach on both datasets. We trained different deep architectures (SAE, VAE and DBN) with different number of hidden unites and networks parameters (batch size, epoch number and learning rate) to find the best feature representation. Similar to the first case study, we used four different classifiers in supervised learning step on the top of both represented and original data. The results has been demonstrated in Table 3 and Table 4 Although using original features achieves good results, Representation learning using VAE provides impressive accuracy while the average of MSE in testing process with 5-folds cross validation 18 are 0.08 and 0.02 for Cardiac ICU and Neuro ICU datasets respectively when we use random forests in supervised learning step. Also our model increases the R-squared from 93% to 98% and from 95% to 99% for the first and second large datasets respectively. In the other words, our model using VAE representation provides a perfect predictive approach for the second case study. Figures   8 and 9 demonstrate MSEs comparison for different deep networks when we use random forests with different number of trees.
Discussion and Conclusion
In this research, we developed a novel predictive approach using deep feature learning for applications of Electronic Medical Records (EMRs). Our Deep Integrated Prediction (DIP) approach discovers the complexity and dependencies in the EMRs using unsupervised learning (feature representation) which improves the clinical prediction performance significantly. First, we applied our model on a small datasets obtained from Detroit Medical Center related to cardiovascular disease to predict the heart failure risk level (LVMI) and then we captured two large datasets from eICU collaborative research database to predict the patient length of stay in ICU units based on personalized features including demographics, diagnosis, medication and laboratory results information.
In both case study we applied four well-known supervised learning algorithms consisting of Random Forests, Lasso Regression, Decision Tree and SVM on the top of clinical represented features and original features. Our results indicate that feature learning using appropriate deep network improves the accuracy of all supervised learners. We used three different deep architectures (SAE, DBN and VAE) and considering different training parameters in each network (including number of hidden units, bach size, number of epochs and learning rate).
The results emphasize that the choice of representation learning plays an effective rule in the performance of clinical prediction. While in the first case study (small datasets), SAE has a better accuracy in comparison with DBN and VAE, for large datasets (eICU database), VAE outperforms the other deep architectures and SAE cannot improve the prediction results significantly. In other words, we can conclude that feature representation using deep learning would be effective for both small and large datasets and choice of deep network achieves different results. The advantage of VAE in learning true distribution of input features based on distribution of sample from latent variables makes it different and it seems that VAE achieves better representation in the case of large and more complex data in comparison with traditional autoencoders such as SAE and DBN.
In summary, we present a novel data-driven approach for predictive modeling of clinical data with high dimensional, complex and sparse features. Our model is the first model which use the advantages of variational autoencoders in clinical feature representation and compare its performance with two other traditional autoencoder deep architectures. We demonstrated that deep learning could be effective for small datasets as well as large data and our comparative study between small and large clinical datasets provides some new insights in the choice of deep representation. We believe that our model with great EHRs feature learning has potential to be applied in different clinical and health informatics aspects including treatment planning, risk factor identification, personalized recommendation and survival analysis. Also, our proposed framework is highly useful for exploiting a large amount of unlabeled data in the feature learning (unsupervised learning) step to extract high level abstraction of features when the labeled data are limited and expensive.
For further directions, we plan to apply our method to the other small, large and big datasets for different clinical predictive purposes like as personalized recommendations. We will involve the other deep architectures including Stacked Denoising Autoencoders and compare their performance with each others. Finally we will consider clustering task in the last step of our approach (instead of supervised learning) to discover important clinical patterns such as treatment schemes among patients.
